This research investigated how machine operator expertise, strategies, and decision-making can be integrated into operator models that simulate authentic human behavior in construction machine operations. Physical prototype tests of construction machines require significant time and cost. However, computer-based simulation is often limited by the fidelity in which human operators are modeled. A greater understanding of how highly skilled operators obtain high machine performance and productivity can inform machine development and advance construction automation technology. Operator interviews were conducted to build a framework of tasks, strategies, and cues commonly used while controlling an excavator through repeating work cycles. A closed loop simulation demonstrated that an operator model could simulate the trenching work cycle with multiple operator strategies, and adapt to different vehicle and work site settings. A Virtual Operator Model that captures human expert behaviors can be used to assess vehicle characteristics and efficiency, and inform the design of automation systems. 
Introduction
The human operator of off-road vehicles is an integral part of the human-machine system performance. High fidelity machine models are used in simulation to test new vehicle designs. However, the fidelity of human operator models is often a limiting factor in the overall ability to conduct closed-loop simulation testing. This research investigated how machine operator expertise, practices, and decision making can be integrated into an operator model for virtual simulation of closed-loop construction vehicle operation. The goal of the research was to capture the behavior and performance of a human operator and represent the operator in a virtual operator model that simulates authentic human behavior in a well-defined construction machine operation.
Considering the complexity and non-linear nature of off-road vehicle dynamics, and the fact that the operator is intimately enmeshed in the closed-loop control system of the vehicle operation, field testing with human operators is the most common method used to test designs with physical prototypes and human operators in real working environment (Filla, Ericsson, & Palmberg, 2005) . Vehicle field testing requires significant cost and time compared to computerbased simulation. Virtual design or model-based design, the process by which new features are modeled and tested in a simulation environment, is typically conducted early in the design process where it is less expensive to make changes. While machines have been modeled with a fidelity that enables robust testing, operator models are still in early stages of development. Methods for closing the simulation loop around operator, vehicle, and environment models need to be investigated.
Human operator decision-making and behaviors are varied and complex. Because of this complexity, it is difficult to develop and validate human operator models. Currently, only a few studies (Filla, 2005; Elezaby, 2011) have documented virtual operator model development and validation. These limitations on virtual operator technology limit design engineers' ability to make reliable comparisons in the virtual prototyping stage between different design alternatives.
Additional challenges exist in the development of virtual operator models. Operator models are typically created by tuning control models to mimic trajectories. Often they are tuned to be specific to a particular vehicle operating under specific conditions. If the vehicle design is changed, or the operating conditions are varied, the model often has to be re-tuned to match the new operating profile. These models focus on trajectories, not on operator perception and decision making processes. Human operators, in contrast, can adapt to changes in the machine or changes in the environment. Standard methods to model operator behavior and ability to adapt have not been established in this domain. Most approaches are focused on the control of the vehicle, rather than the operator behavior that generates the control inputs. Cognitive modeling has been developed as computational representations of internal cognitive processes; however they are designed to be task-independent (Byrne & Kirlik, 2005) , and focus on modeling constructs such as working memory (Baddeley, 1998) . These computational cognitive models focus on how human operators interact with the environment and make decisions, but are not designed to produce the control inputs of a human in vehicle operation. In the domain of off-road vehicle operations, the challenge is to summarize complicated cognitive processes in a model that is dynamical in nature, with the goal of creating an input/output model that faithfully represent operator expertise, sophistication, and adaptability.
An automated system can significantly improve consistency of repeated tasks in a stable, controlled environment which does not have much variation (Bradley, 1998; Wu, 2003) . However, when the operating environment or conditions within which an automated system operates changes, higher-level machine intelligence technologies (beyond closed-loop control) must be in place for the autonomous system to adapt to these changes. Developing these types of behavioral responses for autonomous systems is challenging. A robust automation system with perception of external cues and use of internal goals may be able to exhibit adaptive behavior. For this behavior, expert human operator behavior and decision making processes may have great utility. A virtual operator model aims to capture key behaviors of human operators, enabling autonomous system to adapt to external environment changes.
Virtual operator modeling can enable human-in-the-loop dynamic evaluation in the virtual design stage, which results in cost and time reductions compared to the traditional product development (Becker, Salvatore, & Zirpol, 2005) . This capability will enable simulation of model-based machine prototypes for performance analysis including fuel efficiency, productivity, and component loading. Virtual operator models enable closed-loop, whole system evaluations of the capability of new design features early in the design process.
The excavator trenching operation was selected as the modeling target. A virtual operator model was developed to simulate the human operator's perception, decision-making, and actions leading to control inputs for the trenching operation. Trenching using an excavator is a common operation in the construction environment, which requires multiple tasks within the work cycle. The operator needs to finish a trench with predefined dimensions, location and orientation within a certain time period and then must then deposit the material in a defined area or container. Operators judge their performance by time and quality of the trench, which means operators seek to finish the trench with maximum efficiency. A human-centered systems process was developed to capture and represent operators' tasks, strategies, cues, and constraints. The process included interviews and observation, and the analysis of machine data acquired from an excavator performing a trenching operation. A virtual operator model architecture was developed and implemented using various techniques to capture the fluid nature of tasks within an operation. The virtual operator model was tested by integrating it into a closed loop simulation with a vehicle model. The model was exercised by conducting tests using different digging strategies, varying vehicle hydraulic pump speeds , different pile locations, and different trench depths.
Related Work
Given the tightly coupled, non-linear nature of the sub-system dynamics in off-road vehicles, combined with a strong human-in-the-loop involvement of operators, dynamic simulation of the complete vehicle system must include the operator, environment, and working tasks (Filla, Ericsson, & Palmberg, 2005) . Human factors methods can provide deeper insights VIRTUAL OPERATOR MODEL 4 into the behavior of human operators, including decision making, cues that trigger actions, and strategies that help adapt to changing conditions. This information could be incorporated into a virtual operator model. Existing operator modeling approaches for off-highway vehicles fit into two categories: 1) task-oriented operations in which the operator controls the machine through a repeated sequence of tasks to accomplish high-level goals (e.g., Filla, 2005) , and 2) referenceoriented operations in which the operator is guiding the machinery along a particular path to accomplish some types of operation (e.g., Zhang et al., 2003) . Beyond the virtual operator literature, other relevant research exists in the area of mobile equipment automation, where a typical approach was to model operator behavior for a particular operation as the strategy for automating that operation (Bradley & Seward, 1998; Wu, 2003; Enes, 2010) . A virtual operator approach could potentially be applied as the control logic for adaptive systems, where the automation has the authority and ability to change its mode of operation to best support joint human-automation performance (Feigh, Dorneich, & Hayes, 2012) .
Capturing and Modeling Human Expertise
Expert human operators exhibit several characteristics: humans can adapt quickly to context using prior experience and training; humans have the ability to integrate contextual cues and strategies; and expert operators can often outperform automated functions. As human operators gain experience, their operations progress from a primarily knowledge-based behavior, to rule-based behavior, and finally to skill-based behavior (Rasmussen, 1983) . Knowledge-based behavior depends on explicitly formulated goals and plans. With more practice, operators become rule-based, where sequences of action become rules to follow. Eventually, the expert exhibits skill-based behavior, where much of the action takes place without conscious control (Rasmussen, 1983) . These human characteristics are quite different from those of automated machine systems.
Human factors methods can be used to gather, organize, and represent information on how expert humans perform operations. The goal of the process is to understand as much as possible about users, their task, and their context in order to produce a stable set of requirements to guide design. The requirements arise from understanding users' needs and should be justified and related to data collected from and about users. Contextual inquiry (Holtzblatt, 2003) and task analysis (Stanton & Walker, 2005) methods, including interviews, questionnaires, observation, and the study of artifacts inform the process. Task and user analysis can be used to develop a set of representative tasks that cover the functionality, manual and mental workload, durations, complexity, equipment and environmental requirements of the system (Kirwan & Ainsworth, 1992).
Operator Modeling Approaches
A task-oriented operation consists of a sequence of tasks, which are repeated and simulated to achieve the operational goals. Operator models developed for task-oriented operations, specifically wheel loader loading cycles, have employed finite state machines to represent the work cycle structure as a series of tasks using finite states (Filla, 2005; Elezaby, 2011) . The operator models generated appropriate control inputs for machine models. Validation was limited to the comparison of simulated paths with experimental paths for different vehicle components (Filla, 2005) .
A reference-oriented operation is one in which an operator guides a machine along a predefined reference path to achieve operational goals. In the context of wheel loader steering control, Norris (2001) developed a design framework for modeling human behavior, with the human considered to be an element in a control system. An algorithm was developed which enabled control system adaptation to human operator steering control behaviors through the use of a valve modulation curve representing human decision making (Norris and Zhang, 2003) . Fuzzy controllers generated machine control inputs. Validation was based on comparison of the simulated vehicle trajectories to reference paths.
Autonomous Control
The design of an autonomous vehicle control systems requires the development of a controller, which can be thought of as a type of virtual operator model. Control modules were developed based on operation strategies and the behaviors of human operators, which were able to choose an appropriate control strategy in response to obstacles such as rocks. For example, different strategies were determined for the excavator trenching operation: the bucket was forced into the soil and drug across the surface for dense soil, while the bucket was inserted into the material and rotated for the loose soil (Bradley, 1998) . In another study, a control module was developed using a combination of neural networks and fuzzy logic to adapt to different materials for a wheel loader loading operation (Wu, 2003) .
An autonomous system is one with the ability to perceive information or cues from the environment and machine and generate the appropriate control inputs to adapt to the environment with varying conditions. To achieve autonomous or robotic operations of offhighway machine systems, researchers have recognized that technology beyond closed-loop control is required. In fact, a structure for defining behaviors is required to carry-out field operations in the context of situational uncertainty. Fountas et al. (2007) promoted a structure defining human-like behaviors required for agricultural field robotic applications. These behaviors can be broadly classified into planning and supervision. Planning includes determining the best course of action to achieve a particular operational goal. Supervision involves monitoring the machine and work environment so that planned actions are modified as needed based on new information. This behavioral approach can be extended from agriculture to construction applications and be embedded in a multi-layered design framework to plan an autonomous system (Han et al., 2015) . Bradley et al. (1998) developed an autonomous robotic excavator to realize high quality autonomous, rectangular trenching. The control system was designed to imitate the actions and strategies of a human operators working with obstacles.
Adjustable Human-Centered Autonomous Technology
A well-developed virtual operator model can be used to drive automation that can adapt to different situations. Adjustable automation can allow the human to initiate the level or function of automation to ensure that the system is behaving appropriately given the current situation (Dorais, Bonasso, Kortenkamp, Pell, & Schreckenghost, 1999) . Adaptive automation is similar, in which the automation can change its own behavior, based on its understanding of the situation (Feigh, Dorneich, & Hayes, 2012) . A robust virtual operator model can update strategies and change the behavior or automation. Types of adaptation include dynamic function allocation for the sharing and trading of functions between the automation and the human operator to increase efficiency. Adaptive automation has different levels or automation, and dynamically adjusts the authority between human and the control system (Inagaki, 2003) . Issues in adaptive systems include a loss of situation awareness, automation visibility, authority and responsibility, trust, coordination demands, and workload (Goodrich, Olsen, Crandall, & Palmer, 2001; Inagaki, 2003; Mathan, Dorneich, & Whitlow, 2005; Feigh et al., 2012) , If the virtual operator model becomes part of the automation decision logic, it has the advantage of behaving much like a human operator would (utilizing the same cues and strategies), increasing the understandability of the automation logic (automation visibility), and perhaps increasing the ease of coordination between the automation and the human.
Materials and Methods
Excavator trenching was selected as the target operation to be modeled, and a virtual operator model was developed to represent excavator operators' decision making processes and behaviors. Operator interviews and task analysis were conducted to learn the behavior and decision-making processes of operators and derive operator model requirements. The virtual operator model was formulated to include perception, decision making, and action modules to produce the control inputs for a vehicle simulation.
Operator Interviews and Data Collection
An interview protocol was designed to acquire information about operators' operating experience, behavior, strategies, and possible problems during operation (Du, Dorneich, & Steward, 2014) . The interview was structured as a set list of questions that first queried operators about their background (experience, types of operations, equipment) and then asked detailed questions about what they do before, during, and after operations. All the questions were treated as open-ended questions in the interview; participants were encouraged to expand their answers and knowledge freely. Example questions include "What kind of information do you want to know before an operation?", "Can you describe the tasks/steps in the operation, in terms of procedures, tasks, and goals?", and "How do you know when you are performing well?" The interviews were documented with audio recording and written notes. Three participants with different backgrounds and skill levels participated in the interviews. Participants had experience with wide range of different machines. Interview questions for the trenching operation were not specific to a particular machine type. Videos, which were recorded while the participant operated the machine the participant, were reviewed with the participant using a think-aloud technique (Lewis, 1982; Ericsson & Simon, 1993) to provide verbal identification of tasks, needs, goals, strategies, and behavior. Both descriptive data and quantitative data were collected. A combination of knowledge-based and entity relationship-based analysis was conducted for accurate task analysis (Dix, Finlay, Abowd, & Beale, 2004) .
Machine data were collected during an excavator trenching operation, which were used to analyze the operator's behavior and relate it to vehicle operation. To acquire machine operation data, the excavator was equipped with video cameras inside the cab and outside the cab, which captured both video and audio records of the operations. Sensors mounted on the machine were used to acquire operator inputs at joysticks for commanding, boom, arm, bucket and swing motion, as well as boom, arm, and bucket cylinder extension lengths and relative speed and direction of excavator swing motion. The data collected from operator interview and machine operation were used to understand the operators' operation behavior and strategies. These behavior and strategies were used by the virtual operator model to drive vehicle machine.
Virtual Operator Model Architecture
A closed loop operator-vehicle simulation model was developed consisting of dynamic operator and vehicle models in the Simulink platform (ver. 2015a, The Mathworks, Natick, MA). Both models were developed as sub-system modules with a well-defined interface facilitating interchange of vehicle models, so that different combinations of operator and vehicle models could be easily exercised. The operator model has four elements: a vehicle kinematic model, a human perception model, a human decision-making model, and a human action model (see Figure 1) . The virtual operator model generates the control inputs that a human operator would provide to control a physical machine. The inputs to the human perception model of the virtual operator model are the environmental conditions and the human-observable states of the machine from the kinematic model. In the development stage of a virtual operator model, the kinematics model can be bypassed, and all observable and non-observable vehicle states can be passed to the perception model. However, the use of the kinematics model enables the perception model to operate only on human observable states, which allows the model to depend only on the cues that a human would use to control a vehicle. The human decision-making model was developed through operator interviews conducted to understand the operation tasks, cue, strategies, and behaviors of skilled operators (Du, Dorneich, & Steward, 2014) . 
Vehicle Model
The vehicle model represented the dynamic characteristics of a representative excavator and included a dynamic model of the hydraulic system and a multi-body dynamic model of the bucket-arm-boom mechanism along with the swing degree of freedom. The vehicle model accepts as control inputs the actuation signals to the hydraulic valves from the virtual operator model, and the simulation of the hydraulic and mechanical systems resulting in cylinder displacements and swing angle as outputs. The vehicle model was purposely developed to be modular and independent of the virtual operator model. As such, it can be replaced with higher fidelity vehicle models. The hydraulic system, modeled in SimHydraulics (ver. 2015a, Mathworks, Natick, MA), was a closed center system with a pressure-compensated pump, pressure-compensated proportional directional control valves for the work function circuits controlling the boom, arm, and bucket cylinders and the hydraulic motor controlling the swing motion. The hydraulic system model was not intended to model any particular system, but to provide a reasonable response of a hydraulic system on a typical excavator. SimMechanics was used to model the multi-body dynamics of the excavator's boom/arm/bucket mechanism along with the swing degree of freedom. Geometry was based on machine dimensions of a test machine, and mechanism component masses and moments of inertia were estimated using machine component geometry.
Kinematic Model
A human operator does not observe the hydraulic cylinder displacements for cues during operations; rather he or she observes machine dynamic variables such as the relative height of the bucket off the ground or the swing angle of the boom. The kinematic model was intended to map vehicle state information that is commonly measured with sensors into signals that human operators could perceive. Specifically, for this case, the kinematic model related cylinder extension lengths to the location and orientation of machine elements, which were relative to the trench location and were used as operator cues. For example, cues such as bucket height and swing angle were used for decision-making during operation. From a simulation perspective, all of these vehicle states should be available from the vehicle model. However, the kinematic model can simplify the vehicle/operator model interface by reducing the number of signals in the interface. This approach has the advantage of encapsulating the operator model and the vehicle model as well-defined software components. It also enabled the operator model to be driven with experimental data from vehicle tests for model troubleshooting and validation. A simplified model with joints and rigid bodies was used to represent the boom, arm and bucket movement (Figure 2 ). The kinematic model was derived mathematically using kinematic equations and was coded in MATLAB script. This model described the position of each critical point identified in Figure 2 , relative to the coordinate system with origin O. 
Human Perception Model
Based on operator interviews, operator behavior was summarized in terms of what information were perceived, how the information was used for operating the machine, and what control inputs were applied. The excavator operation can be broken down into a series of tasks. Human operators usually perceive visual cues or information about the physical position of machine components and use these perceived cues to make decisions. For excavator operators, information like bucket height, swing rotation angle, and bucket extended length can be directly perceived, and were used to help the operator to determine the current task. For example, a human operator knows that he or she can start to swing the bucket towards the trench only when the bucket is filled, lifted out of the trench, and above the ground. The human perception model uses the kinematic information from the vehicle model, and a predefined fuzzy variable membership function to determine the bucket position, which can provide information similar to that which human operators can perceive. In this way, the human perception model simulated the human operator perception process in determining the current task in the operation work cycle.
To model human-like decision-making process, numerical signals from the kinematic model were fuzzified into fuzzy classes representing linguistic statements about the relative location and orientation of the bucket at a human perception level. The structure and design of the fuzzy classes were derived from the operator's mental model of tasks and cues. Through operator interviews, five signals were identified as human perceivable cues used to control the machine: bucket height, swing angle, bucket extension distance (between the bucket and operator cab), bucket rotation, and bucket vertical velocity. The excavator bucket height relative to the ground was mapped to fuzzy membership value in three fuzzy classes: above soil, near surface, or below surface. Based on these fuzzy classes, a fuzzy classification system was developed based on operator interviews and task/data analysis. It was determined that the expert operators are able to overlap the beginning and ends of tasks. Fuzzy logic allows multiple states to be active simultaneously, and thus can be used to represent operations that include task overlaps. The current version of the model implements five finite-states of the trenching operation without overlaps. The next phase will focus on developing classifiers to detect the start and end of each task, which can then be integrated to determine the overlaps between tasks. For example, if both the end of the swing to the dump pile task and the start of the dumping task were detected, then the overlap between these two tasks can be determined. Five continuous variables were used to represent the current operator perceivable machine state, and were fuzzified into a degree of membership in the classes associated with those variables (Table 1) . Fuzzy rules were derived from operator interviews and data analysis, which uses similar information (and a similar vocabulary) that human operator uses to determine their actions. For example, a human operator uses bucket height, swing angle and bucket rotation to determine when and where to dump material from the bucket. In fuzzy classifiers, similar information was used to mimic the human operator's decision making. Fuzzy classifiers used these rules to identify the transition between the five tasks of the work cycle (Bucket Filling, Bucket Lifting, Swing to Dump, Dumping, and Swing to Trench -see next section) based on common cues and triggers that operators used. Five individual classifiers were developed, one for each transition. The outputs from the fuzzy classifiers represented the degree of membership that the current machine state is associated with the five tasks. By successfully identifying the transitions between tasks, the correct prediction of next task onset can be made, which can lead to appropriate reference commands being generated. For example, one fuzzy classifier has a set of rules for the transition between the Swing to Trench task and the Bucket Filling task (Table 2) . The fuzzy classifier was tested in two ways. First, vehicle data from the machine test data set was used as input to the classifiers and the task transitions were compared with transitions that were manually determined based on the observation. To assess the ability of the classifiers to detect task transitions, the transitions were classified and counted into the number of transitions detected (both prior to and after actual transition) and transitions not detected.
While the fuzzy classifier was built to detect the transition between tasks, the membership rules can also be used to detect the current task. Thus the second method of testing the classifier was to determine how well, on a moment to moment basis, it detected the correct task given the machine data (Ground Truth). The results were represented in a confusion matrix to show the accuracy of the detection results by counting the number of hits, correct rejections, misses, and false positives for all five tasks. The overall accuracy was calculated by the number of hits and correct rejections over the total number of points.
Human Decision-Making Model
The human decision making model consisted of a finite state machine modeling tasks as states and included rules for task transitions. Based on the current task, the reference commands for the actuators are provided to the human action model. Task analysis identified five tasks: Bucket Filling, Bucket Lifting, Swing to Dump, Dumping, and Swing to Trench, that make up the trenching operation work cycle. A state machine was developed to model this sequence of tasks (Figure 3 ). The state machine was coded in MATLAB script to provide the correct sequence and status of each task based on the task transition detected from the fuzzy classifiers. By combining of all identified transitions within the trenching operation, the sequence of tasks and current state of the operation can be represented. When a transition between tasks was detected, the model generated reference commands for the human action model. To test the task model in isolation, the machine data were provided to the fuzzy classifiers, which provided the transition detection results for the task model. The output of the classifiers were compared to the manually identified task start and end times of the machine data.
Based on operator interviews, different strategies are employed for certain situations. To test the virtual operator model's ability to implement different strategies, two strategies for the Bucket Fill task were implemented and compared. The first strategy was "rotate and fill," commonly used when trenching softer materials like dirt and loose gravel. In this strategy, the operator slowly curls the bucket while simultaneously moving the bucket from the end of the trench towards the cab. A second strategy was "scrape and scoop," which is used to fill the bucket with hard materials such as rocks. In this strategy, operators keep the bucket at a constant angle relative to the ground as they scrape the surface of the trench to push material into the bucket, and then rotate the bucket at the end of the task to scoop the material firmly into the bucket.
Closed loop simulations were conducted to produce trenching operation work cycle trajectories. The trench was modeled at a zero degree swing angle relative to the axis extending from the front of the vehicle operator cab. The pile was modeled as being at a 29 degrees clockwise swing angle from the trench looking down on the excavator. The digging surface was located approximately two meters below the ground surface, and the trench was six meters long.
As a test of the virtual operator model, these two strategies were implemented with specific reference commands for each strategy (see Table 3 ). Bucket teeth trajectory, machine responses, and state sequences were used to compare the resulting trajectory of the strategies. The reference commands are expressed as angles for the boom, arm, bucket, and swing (see Figure 4) . 
Human Action Model
The human action model was developed to generate appropriate control inputs similar to those a human operator would provide to the vehicle controls. The inputs were control signals to the proportional valves associated with the four actuators. Reference commands from the human decision model were provided to this model along with the feedback signals from the vehicle model. The error signals were input to PID controllers, one for each actuator.
Currently the reference commands are constant values (Table 4 ), but they can be made more sophisticated, such as commanded trajectory or changes within a task as functions of time or other machine states. By triggering task transitions, appropriate reference commands of the next task will be selected. 
Test Cases of the Closed-Loop Simulation System
Validation of the closed loop combination of the virtual operator model and the vehicle model involved testing whether the virtual operator model behaves as a human operator would under different conditions. Four test cases were developed and are intended to show that the virtual model operator produces appropriate behavior under changing machine and work site conditions. The first test case utilized different digging strategies: "rotate and fill" and "scrape and scoop." The second test case used different pump speeds; the rotational speed of the hydraulic pump was varied between 2,771-3,917 revolutions per minute to demonstrate the effect of additional hydraulic flow on the work cycle time and the virtual operator model. The third test case used different pile locations, resulting in different swing angles of 28.6°, 57.3°, and 85.9°. The forth test case tested different trench depths of 1.6 m, 2.2 m, and 2.9 m.
Results

Operator Interviews and Data Collection
Three operators participated in the interviews. All the participants were male, and averaged 14 years of experience (range: 8 to 20). They all had experience with a wide range of different equipment (e.g., excavators, skid-steer loaders, backhoes, scrapers, tractors, wheel loaders, dozers, roller compactors, and pavers) and brands (e.g., John Deere, Caterpillar, CASE, Bobcat, Kobelco, Doosan, Volvo, Hyundai, JCV, Hitachi). The participants had differing formal training, from formal operator school to on-the-job training. Their work experience ranged from small-tomedium sized jobs in construction to experience operating agricultural equipment. One participant had been an owner-operator for four years; however, all worked as an operator in a firm. The time spent in a vehicle for one stretch during operations varied from five minutes to 16 hours, with a typical duration of two to three hours.
Task analysis based on the interviews and observations led to the definition of a task model ( Figure 5 ) consisting of the sequence and timing of the tasks and sub-tasks in the trenching operation work cycle. The timing of the start and end of each task was estimated through review and analysis of trenching operation video acquired with one of the participants operating the excavator. The timing data was not used in the model; rather it provided a qualitative benchmark upon which to judge the work cycle timing of the virtual operator model outputs. An important observation from both interviews and video analysis was that of task overlap. Task overlap was a consistent theme among all participants -one participant said that the more expert the operator, the more he or she can overlap tasks to increase efficiency and reduce cycle time. While the video analysis of timing is a qualitative estimation of the overlap of tasks, vehicle data analysis was used to get more precise estimates of task timing, which represent the average cycle time for each of the task based on the video analysis. Ten work cycles of the test data were analyzed. The average work cycle time was 17.7 seconds with a standard deviation of 2.9 seconds. The standard deviation is large because the work cycle time is changing as the trench becomes deeper and the pile becomes larger. The interviews, observations, and analysis of the test data were all done to characterize the work cycle, tasks, strategies, and cues. The results from the operator interview provide knowledge about how humans operate machine and their strategies. This understanding was used to develop the operator model. Here we are trying to realize human operators' behavior to drive the vehicle model instead of parameterizing the mean value of the work cycle's time length into the model. Thus the work cycle time on the figure was not used in the model. Later the simulation results can be compared to these mean value to see, if the work cycle time lies in a reasonable range. In addition to the task model, several observations resulted from the operator interviews and analysis of the machine data for the excavator trenching operation. Firstly, given the repeating work cycle made up of sequential tasks, a task-oriented modeling approach was chosen as the basis of the virtual operator model for an excavator performing a trenching operation, as compared with reference-oriented operations, which can also occur in construction operations, but are more typical in agricultural operations. Secondly, human operators will not necessarily observe the same physical phenomena or dynamic variables that are typically measured on machines or available from simulation. Human operators cue off relative locations of the bucket, for instance, rather than cylinder displacements. In addition, human operators are cueing off of multiple phenomena such as the position of the bucket relative to the trench sidewalls and bottom or height of the receiver. Also, when removing material, they are observing the velocity of the bucket and the perceived force that is required to remove material. For example, during operator interviews, one participant indicated that they used visual cues during dumping to detect the relative cohesion of the material. These cues were used to choose a proper bucket filling strategy. When the bucket is under the vehicle, the operator cannot see the bucket and uses the arm speed to judge the progress of the bucket filling task. While many of the cues are related to the vehicle, environmental cues are important as well, such as the soil type, working conditions, and locations of the trench and pile on the worksite. The implication is that the reference commands for driving operator commands should be derived from these multiple cues and not just a trajectory to be tracked, as is done currently in some state-of-the-art operator models.
Human Perception Model
Transition Classifier
Figure 6 presents a comparison of the outputs of the classifier to the machine data, for the transition between the Swing to Trench task and the Bucket Filling task. The classification results were represented with membership degree from fuzzy classifiers. The Bucket Filling task was detected for 6 work cycles within 120 seconds. Durations of the task were varied for different work cycles. By comparing the traces, correct detection is illustrated when the green line starts to rise slightly ahead of blue line, since the goal of the classifier is to predict a transition between tasks. If the green line rises later than the blue line, the transition is detected late. To assess the ability of the classifiers to detect task transitions, the transitions were classified and counted into the number of transitions detected (both prior to and after actual transition) and transitions not detected (Table 5 ). The classifiers, on average, were able to detect 99% of the transitions. Additionally, the classifiers were able to correctly predict 75% of the transitions before they occurred, with the remaining 24% of detections being detected after they occurred in the test data. 
State Classifier
The classifiers were tested by comparing their output (when the recorded machine data was input) to the manually determined correct classification (ground truth). The overall accuracy of the state classifiers to correctly classify each task on a moment-to-moment basis was 90.9% (Table 6 ). The results were represented in a confusion matrix to show the accuracy of the detection results by counting the number of hits, correct rejections, misses, and false positives for all five tasks. 
Decision Making Model
The decision making model determined the correct tasks, and the transitions between tasks. Figure 7 visualizes the sequence of the tasks with information about when each task starts, which can be considered as a state sequence model. An accurate task sequence is important for the timing of the control signal generation. Machine data were classified using fuzzy classifiers to provide transition detection results. On the x-axis, the transition start time can be read. The colored lines on Figure 7 were the task sequence of the experimental data with its timing information, which identified the start time as well as the end time for each of the task. By combining the actual task sequence with the transition detection results, the comparison of the start times for the detected results and actual sequence could be illustrated. Successful transition detection happened, when black arrow started before the start of the next task. The task model focused on generating the state sequence based on the transition detection results, which may indicate late transition. For the decision making model of virtual operator model, a state sequence is based on correct transition detection. 
Closed Loop Simulation Results under Different Conditions
When the virtual operator model was placed in a closed-loop simulation, providing inputs to the vehicle model, it produced operator behavior that was consistent with human operator behavior over the four different test cases. Each test case represented different operator strategies, machine parameters, or work site conditions.
Simulated Operator Digging Strategies
The closed loop simulation was able to successfully simulate two different digging strategies (see Figure 8) . The bucket teeth trajectory in three dimensions is shown for one complete work cycle, and in which the five tasks are labeled. The vectors on the graphic represent the orientation of the bucket teeth at certain positions. The rectangular dotted-line box represents the trench. The vehicle model responses to the inputs of virtual operator model are represented by Bucket Height, Bucket Angle, Swing Angle, and Extension Distance (distance between bucket teeth and cab) (Figure 9 ). The colored bar on top of the chart represents the task sequence of the operation. The Bucket Fill (BF) task started when bucket height was at the bottom of the trench, bucket angle was at its minimum, swing angle was zero, and extension distance was at maximum. As the bucket was filled and moved closer to the vehicle, the start of the Bucket Lift (BL) task approached. At the transition, the bucket height was under the ground surface, bucket angle was curled around at maximum, swing angle was zero, and extension distance was at its minimum. The Swing to Dump (SD) task started when the bucket height was above the ground, the bucket was curled horizontally, the swing angle was zero, and the extension distance increased to approximately 6 m. The Dumping (D) task start when the swing angle reached the pile location and the extension distance started to increase rapidly. The Swing to Trench (ST) task began when bucket height was at its maximum, bucket angle was at its minimum, swing angle was at its maximum, and the extension distance was around 8 m. The simulated task sequence and transitions from one task to another was similar that observed in the machine data recorded during the observed excavator operation (Figure 10) . However, the simulated work cycle was longer than the machine data work cycle by 35%. At the task level, the simulated bucket fill task result was about twice as long as the average observed in the machine operation. Overall, this result was expected because the simulated task model did not include task overlap referenced by expert human operators, which would result in more efficient (i.e. shorter) work cycles. When the scrape and scoop strategy was simulated, the bucket was rotated mainly near the end of the Bucket Fill task (Figure 11 , see red circle). When compared with the work cycle of the rotate and fill strategy (depicted in blue in Figure 12 ), the work cycle of the state sequence of the scrape and scoop strategy (depicted in purple in Figure 12 ) is longer because of the separation of bucket movement and bucket rotation within the Bucket Fill task. 
Different Hydraulic Pump Speeds
Different hydraulic pump speeds will result in differing maximum pump flow capabilities. Flow will be a constraint on actuator speed when multiple actuator are demanding more flow than the pump can produce. Thus as pump speed is increased, reduction in work cycle time were expected and were exactly what was observed in simulations. The work cycle time was influenced by different hydraulic pump speeds (Figure 13 ). The total work cycle time decreased about 25% while increasing the pump speed by around 1000 rev/min. Most of the decrease in cycle time occurred during the Swing to Dump and Swing to Trench tasks, and the Dump task to a lesser degree. The flow demand during these tasks would be highest to simultaneously power the swing motor as well as the boom and arm cylinder. Thus any additional flow available through increased pump speed has a maximum impact during these tasks. These observations illustrate the robustness of this operator model to machine design variations and also demonstrate how the impact of machine design changes on machine performance can be assessed through a closed-loop simulation of the coupled operator and machine models. 
Different Pile Locations
When the environment model was varied to have the machine dump at three pile locations (defined by 0.5, 1.0, and 1.5 radian swing angles between pile location and trench), the closedloop simulation of the operator and vehicle models provided results that represented reasonable changes in the operator model behavior. The resulting swing angles increased to the representative pile locations (Figure 14) resulting in different lengths of time in the two swing tasks. The cycle time ranged from about 20 seconds for the pile at 0.5 radians from the trench to about 25 seconds for the pile at 1.5 radians (Figure 15 ). The time associated with the other tasks was relatively unchanged. 
Different Trench Depths
Similar to the pile location experiments, the closed-loop simulation of the operator and vehicle models also provided results representing reasonable changes in operator model behavior to three different trench depths (1.6 m, 2.2 m and 2.9 m). During the bucket filling cycle, the operator model commanded the bucket to move down to depths that were near the commanded depth with the additional time required to move the mechanism through this greater distance (see Figure 16 ). These results, along with those associated with the pile locations, illustrate the virtual operator model's capability to adapt to varying work cycle goals by varying operator behavior. 
Conclusions
An approach or methodology for virtual operator model development was developed, resulting in the capability to simulate the function, response, and characteristics of operator behavior to simulate vehicle control inputs for an excavator trenching operation. This capability will enable simulation of virtual machine prototypes for performance analysis including fuel efficiency, productivity, and component loading. Virtual operator models enable closed-loop, whole system evaluations of new design features early in the design process.
The approach developed in this paper combined human factors methods with dynamical system modeling techniques to capture and model operator expertise in a virtual operator model that can be used in closed loop vehicle simulation. The model is designed to capture the behavior and performance of a human operator and represent the operator in a virtual operator model that simulates authentic human behavior for a well-defined construction machine operation. The approach can be generalized to off-road vehicle simulation, and the virtual operator modeling approach can inform the machine automation design.
Through interviews and machine data analysis, it became clear that a hallmark of expert operators is the ability to overlap tasks in trenching operations, which is expected to be the case for other construction operations as well. However, virtual operator models to date have assumed discrete states for tasks. Developing a modeling approach to enable task overlap is an important direction for this work. The use of fuzzy logic allows multiple states to be active simultaneously, and thus it can be used to represent operations that include task overlap. Fuzzy logic also uses human-like reasoning rules to perceive information, and mimics the perception process of a human operator.
This work was different from the prior work in three ways. First, an explicit human factors approach was used involving human operator interviews, machine data and video analysis. Some prior work has indicated that operator models were developed with some operator considerations , but an explicit approach to incorporating observed human operator behavior into operator model was not found prior to our efforts. Second, prior operator model structures were not designed with operator cognitive processes in view (i.e. perception, decision-making, action), but were simply a finite state machine or a combination of a finite state machine and a control module (Elezaby, 2011) . Third, the other operator models generally do trajectory tracking and are based on deterministically defined processes. Our work represents an early operator-centric effort to model human decision-making and generate of behaviors based on operator goals, control strategies, and human perceivable cues.
The current state of the model generates the human operator control inputs to execute a work cycle of an excavator trenching operation. The simulation results in a work cycle that is generated by executing a series of tasks in the way a human operator would -perceiving the state of the machine, deciding when to transition from one task to the next, and controlling the machine to move the bucket through the tasks. The virtual operator model appropriately adapted to different operator control strategies, machine parameters changes (i.e. pump speed) and a change in work site goals (trench depth, pile location). The model generated outputs based on human-like perception, decision-making, and action selection.
Future work will focus on modeling the adaptability that characterizes expert human operators. The operator model should adapt to environmental conditions, such as soil properties, and operator effects. An optimal operator model should have the ability to adapt to variations in the environment by adjust operator strategies and results control inputs to the machine. Next steps include the development of an environment model, development of a task overlap paradigm to capture different operator skill levels, and development of a strategy model to enable adaptation to changing conditions. Longer term future work will investigate the utility of this virtual operator approach to the design of adaptive systems, where the automation has the authority and ability to change its mode of operation to best support joint human-automation performance. Designed with a human-information processing inspired architecture, the virtual operator model approach holds promise to develop a control logic that will be understandable to human operators, and behave in ways consistent with human operation.
